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ABSTRACT

Survey data underlie most empirical work in economics, yet economists typically have little familiarity
with survey sample design and its effects on inference. This paper describes how sample designs depart from the
simple random sampling nodel implicit in most econometrics textbooks, points out where the effects of this
departure are likely to be greatest, and describes the relationship between design-based estimators developed by
survey statisticians and related econometric methods for regression. Its intent is to provide empirical economists
with enough background in survey methods to make informed use of design-based estimators. It emphasizes
surveys of households (the source of most public-use files), but also considers how surveys of businesses differ.
Examples from the National Longitudinal Survey of Youth of 1979 and the Current Population Survey illustrate

practical aspects of design-based estimation.
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1. Introduction

Survey data are used in most empirical work in economics, but economists typically have not
considered survey sampling methods to be relevant to their anayses. This has begun to change as general
purpose statistical packages have added estimators intended for use with complex samples, and as the
variables needed to account for the effects of sample design have become more widely available. Y et
economists’ use of survey data continues to be hampered by alack of familiarity with sample design and
design-based inference methods.  This paper describes how survey data depart from the simple random
sampling modd implicit in most econometrics textbooks, points out where the benefits of accounting for
this departure are likely to be greatest, and describes the relationship between design-based estimators and
related econometric methods for regression.” In short, this paper is an economist’s primer on survey
samples.

A primer is needed because failure to account for how survey data are collected can, in some
cases, lead standard econometric procedures to be seriously mideading. The effects of survey design are
best illustrated with an empirical example. Table 1 presents a smple example of a human capita
earnings function that relates individuals' earnings to factors such as education, age, sex, and race. Here
we apply the model to data from the March 1997 Current Population Survey. The dependent variable is
the log of hourly earnings, and the explanatory variables include years of schooling, age, and dummy
variables for being black, Hispanic, or female. Column (1) of the table presents unweighted estimates of
the model coefficients and standard errors based on the assumption of identicaly and independently
distributed (11D) error terms.  The results in column (1) indicate that blacks wages are approximately 6%

(e-.063

-1) lower than the wages of whites with similar characteristics.  Although it includes fewer right-
hand side variables than does most of the earnings regression literature, column (1) follows most of that

literature in ignoring the sample design.

! Deaton (1997) provides an excellent review of some of the material covered in this article, with enphasis on
design issues and techniques relevant to work using data collected in developing countries. The treatment here
differsfrom Deaton’ sin being shorter and in emphasi zing designs common to data produced by U.S. statistical
organizations.



Column (2) of Table 1 presents estimates from the same model, but in that column the estimation
procedure has explicitly accounted for the way in which the CPS data were collected. Some of the results
are substantively unchanged, as the coefficients on education, age, and the female dummy change only
dightly across the two specifications. The point estimate of the black/white wage differential changed
substantially across the specifications, however, and each of the standard errors increased somewhat. The
combined effect of the two changes was that the 95% confidence interval for the black coefficient is (-
.090,-.036) for column 1 and (-.135, -.069) for column 2. The coefficient and confidence interva for the
Hispanic dummy variable was similarly affected by the move to design-based estimation. These changes
could obvioudy affect the results of statistical tests and other inference procedures.

Precisely what does it mean to “account for the survey design” in column (2)? Why did
accounting for the survey design affect the inferences drawn from these data? Why were inferences for
some parameters affected by the design while others were not? And finaly, which set of estimates should
an economist prefer? The answers to these and related questions are the subject of this paper. The paper
describes design features common to surveys of households because most public-use data comes from
such surveys, but also considers how surveys of businesses differ. The paper emphasizes linear
regression, and it uses examples drawn from the National Longitudinal Survey of Y outh of 1979
(NLSY 79) and the Current Population Survey (CPS) to illustrate practical aspects of design-based
estimation. We hope that the paper will enable the reader to be a more sophisticated consumer of survey

data and, in turn, to make more accurate inferences from survey data.

2. Sample Design Basics

Survey samples are designed with specific goalsin mind. Thefirst goal of most surveysisto
measure with reasonable accuracy the unconditional means or totals of key variables, or changesin these
means or totals across time. For example, the monthly Current Population Survey (CPS) measures the
national unemployment rate, and the Consumer Expenditure Survey (CEX) measures average spending

patterns. The second goal of most surveys is to measure means for certain subgroups. For example, the



CPS measures the unemployment rate separately for each state, and the National Longitudina Survey of
Y outh (NLSY) measures the labor market activity of black and white youth. These goals involve
estimating means or related quantities that describe an existing finite population (for example, the current
U.S. population). Thisisin contrast with amore typica god for an economist: characterizing the
underlying, often multivariate, behaviora relationship that generated the existing finite population. The
divergent gods of survey designers and econometricians have led surveys to depart from the standard
econometric sampling framework in several ways.

To fix ideas, suppose that a sample of size n of values of the variable Y is drawn from afinite
population of sze N. Typicdly nis much smaler than N and we will assume this to be the case
throughout the paper. The most conceptually straightforward method of selecting a sample is simple
random sampling (SRS), which is smply the urn model familiar from econometrics textbooks. SRS
consists of a series of independent random draws, where each draw gives an equal chance of selection to
all members of the population. > While SRS simplifies data analysis, it is rarely an optimal sample design
given the survey goals described above. Instead, sample design trades off the costs of various design
techniques against their effects on the precision of key statistics, leading to quite complex designs for
most surveys.

While the details vary, most designs combine three basic features: stratification, clustering, and
varying probabilities of selection. The following subsections describe these features and explain why
they are used. Because design features effects on simple statistics are most relevant to how and why
they are used, the description in this section emphasizes estimators of means and totals. Section 3 givesa
more detailed discussion of the effects of design on regression—atopic of centra interest to economists,

but usualy a side issue to those designing (and funding) surveys.



2.1 Sratification

SRS may be an appropriate strategy when little is known about the population prior to the survey.
In most cases, however, there is some ex ante information about the distribution of Y across subgroups or
strata of the population identified by auxiliary variables. Stratification entails choosing independent
subsamples of predetermined size from each stratum, thereby reducing sampling variation. The basic idea
isthat sampling variability of a sample mean can be divided into @) sampling variation within strata and
b) sampling variation in each stratum’s sample share. By fixing each stratum’s sample share,
sratification eliminates sampling variation due to this latter betweenstratum component. If the strata
have very different meansfor Y because the auxiliary variables used to define strata are highly correlated
with Y, then stratification can increase precision substantially. If the strata are very similar to one another,
however, then this procedure reduces sampling variance only dightly.®> Thus, theideal stratification
scheme creates strata that are internally homogeneous and externally heterogeneous.

The effectiveness of stratification is limited by the type of information available prior to the
survey. For example, a household income survey might wish to stratify on age, race, and sex because
income is known to vary with these variables. Thereis no generd list of households belonging to groups
defined by those variables, however, so they cannot be used to drectly define strata. To achieve similar
results, sample designers often stratify the target population using averages for geographic areasto
approximate the desired demographic stratification scheme. Asan example, a survey for acity with equal
shares of blacks and whites might sort neighborhoods into two strata based on whether the magjority of
residents are black or white. With a moderate degree of neighborhood segregation, the result might be

one stratum with 70% black residents and the other with 70% white. The desired sample shares of each

2 This describes SRS with replacement, but most surveys sample without replacement. Given that sample sizesare
typically very small relative to the sizes of their target population, this distinction can usually beignored. We will
use SRS as a short hand for SRS with replacement.

30ften, different probabilities of selection are applied to elementsin different strata, so stratification and varying
probabilities of selection (the topic of section 2.2) are implemented together. Our description of the effects of
stratification on precision applies when the same probability of selection is applied to each stratum. Thisisolatesthe



race can then be closely controlled through independent samples from each stratum. Though not as
effective as direct dtratification of households, such stratification of geographic aressis practical and
widdy used. Column 2 of Table 2 gives some examples. Samples for business surveys are usualy
selected from alist of establishments that has information on characteristics such as industry, location,
and firm size for individua sampling units, so these characteristics are typically used as stratification
variables. AsTable 2 illudtrates, business surveys are usualy stratified by industry, and often by some

measure of size aswell.

2.2 Unequal probabilities of selection

An important feature of SRS is that it assigns the same probability of selection to each population
dement. Stratified samples can also use constant probabilities of selection—a technique known as
proportional alocation. But in many cases varying the selection probabilities alows a survey to better
achieve its goals. One reason for doing so isthat it is easier to collect data from some members of the
population than others. For example, face-to-face interviews are cheaper in the city than in the country.*
Cost minimization subject to achieving a set level of precision will lead the sample designer to include
urban households in the sample with higher probability than rural households.

A second reason for varying probabilities of selection is that a survey may need separate
estimates for subpopulations of unequal size. For example, surveys such as the CPS that are designed to
produce state estimates typicaly use higher rates of selection in states with small populations such as
Alaska or Wyoming than in very populous states such as New York or California. A closaly related third
reason is that a survey’s goal may be to compare subpopulations. If one group is smaller than the other,

sampling the smaller group at arelatively high rate reduces the variance of the estimated difference. This

effect of choosing separate samples from each stratum (which defines stratification) from the effects of varying
probabilities of selection.

“ Deaton (1997, p. 12) points out that thisis particularly true of surveysin third-world countries, where
transportation and communication is much more costly in the hinterland than in the cities.



is one reason that many household surveys use higher rates of selection for black, Hispanic, or low-
income families than for other families, asillustrated in the column (2) of Table 2.

A fourth reason for varying probabilities of selection is that some population elements are more
informative than others. In business surveys in particular it is common to use probability-proportional-
to-size sampling in which an dement’s probability of salection is set proportional to some measure of size
such as abusiness's amount of sales or number of employees. Thisisillustrated in column 2, panel B of
Table 2. Higher probabilities of selection reflect the greater importance of large businesses to aggregate
measures such as GDP or to any variable that is measured per employee (e.g., rates of health insurance
coverage).

Using estimators based on the assumption of SRS may result in biases if varying probabilities of

selection are correlated with the target measure Y.° Survey weights are designed to alow the analyst to

_ N
avoid such biases in making inferences about finite population parameters such as Y =ié_ Y; . Define
i=1

p; asthe probability that element i is selected for the sample, which is a probability controlled by the
sample designer. The basic sampling weight w; isSsmply the inverse of this probability:

-1
Pi

W

(1)

Often, w; can be thought of as the number of finite population elements that sample observation i is
intended to represent.

Equation (1) indicates that weights are based on parameters set by the sample design. In practice,
however, survey weights are typically adjusted in two ways after the data have been collected. Thefirst
adjustment compensates for varying probabilities of response by shifting the weight of nonrespondents to

observationally smilar respondents.® Almost al surveys, even those designed to have equal probabilities

® For example, (unweighted) sample mean income from the NLSY , which sampled blacks, Hispanics, and low-

income whites at much higher rates than other whites, islikely to underestimate true population mean income.

® Item nonresponseisaclosely related problem that occurs when respondents answer some questions but not others.
Surveystypically deal with this problem by “allocating” or “imputing” to nonrespondents the answers of otherwise-
similar respondents who answered the particular question. For calculating means, thisis areasonable way of



of salection, make some such nonresponse adjustment to the survey weights. Nonresponse adjustments
are implicitly based on amodel of the determinants of response, and the model is necessarily limited to
dependence on measures that are available for both nonrespondents and respondents. Column (3) of
Table 2 lists the variables used in the nonresponse models of our example surveys.

The second adjustment to the survey weights, known as post-stratification, adjusts the weights to
make weighted sample moments equal finite population moments that are known with a high degree of
accuracy (perhaps from amuch larger survey or from administrative records). For example, it iscommon
for surveys of persons to adjust weights to make sample estimates match counts of the population by age,
race, and sex from the decennia census of population. Column (4) of Table 2 lists the variables used for
post-gtratification in our example surveys. These variables are typically similar to the variables used to
define the original dratification scheme. Pogt-stratification reduces the variance of estimates in much the
way (pre-)stratification does; it is effective if the auxiliary variables used to post-dtratify are highly
correlated with the target variable.” An important difference between the two is that, under mild
conditions, stratification at worst has no effect on precision, whereas post-stratification can reduce
precision if it is based on variables not correlated with the variable of interest. Thisis of particular
concern when using survey data for purposes very different from those that motivated the choice of

poststratification variables.

2.3  Clustering
SRS involves independent selection of each sample element. However, collecting data from
population elements that are close together is often considerably less costly than collecting data from

elements chosen independently. In such cases, selecting groups of close elements (known as clusters)

making nonresponse adjustments on a question-by-question basis. Common imputation methods have much less
innocuous effects on regression coefficients, however, which is one reason why analysts often del ete observations
with imputed data from their analysis. Most surveysinthe U.S. have substantial rates of nonresponse for at |east
some questions. See Lillard, Smith, and Welch (1986) and Little and Rubin (1987) for further discussion.

’ Post-stratification is often implemented usingraking, which iteratively adjusts weights to reconcile post-
stratification to moments of the marginal distributions of several variables. For example, asurvey might useraking



reduces per-element collection costs, and thereby alows for alarger sample size than would SRS, holding
costs fixed. Thisis particularly true in face-to-face surveys for which interviewer travel time accounts for
alarge share of collection costs, and so face-to-face surveys of households virtually always use clustered
samples. Column (5) of Table 2 lists the variables used to define cluster in our example surveys. For
household surveys, counties, groups of counties, or MSAs are most often used at the initial stage of
clustering, and blocks or groups of blocks are often used at the second stage of clustering. Business
surveys are rarely explicitly clustered, but anaysis of elements at levels below the business as a whole
(e.9., business units, plants, or employees) are implicitly clustered, since employees from asingle
business were selected for the sample at the same time.

Although clustering reduces survey costs per element, the value of atarget variable may be
correlated across e ements belonging to the same cluster. For example, the incomes of two randomly
selected families from the same neighborhood are more alike on average than the incomes of two families
selected independently from the U.S. asawhole. Such within-cluster correlation reduces the precision of
estimators relative to what could be obtained from an SRS sample of the same size because two selections
from the same cluster provide less information than two independent selections. If clusters are composed
of identical e ements—in which case selecting more than one element from a cluster yields no additional
information—then the sample size is effectively the number of clusters and collecting data from more
than one cluster member simply wastes resources. If instead each cluster is effectively a smple random
sample of the population at large, then a clustered sample would be just as informative as a smple
random sample of the same size.

While data collection methods determine the relationship between survey costs and the
geographic dispersion of sample elements, defining clustersis part of the sample design. The ided

clustering scheme creates clusters that are spatially compact (thereby minimizing survey collection costs)

to post-stratify to population by age group and population by level of education (when population by age group by
level of education is not known with great precision).
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but internally heterogeneous (thereby maximizing the information captured in each dement).? A fairly
typical design for alarge U.S. household survey would use two levels of clustering: divide the area of the
U.S. into counties or small groups of counties and choose a sample of those clusters;® then subdivide each
sampled area into much smaller units (perhaps a city block), and choose a sample of those units;
individua eements (households) are then selected randomly from the second-stage units. Counties are
often chosen as first-stage clusters because for many variables they are internally fairly heterogeneous
while being compact enough to realize much of the cost savings from reducing the geographic dispersion

of data collection.

3. Regression Coefficients and Survey Weights

The previous section described the components of sample design in terms of the estimation
problems that typically motivate the choice of design—estimation of means or totals. Y et economists
more often use survey data for multivariate analyses, so the effects of sample design on regression and
related estimators are of more fundamental concern for economic analyses. This section examines the
consequences of varying probabilities of selection for the OLS coefficient estimator, and considers when
using survey weights will improve its properties. The consequences of dtratified and clustered samples

are considered in sections 4 and 5, where we take up the issue of variance estimation.

3.1 Differencesin Approach
Before considering the effects of sample design it is helpful to point out differences between the
finite population approach to regression taken by survey statisticians and the modeling approach that

underlies most econometric analyses. To understand the different approaches, it isimportant to keep in

8 Note the distinction here between clusters and strata. Because stratification ensures that each stratum is
represented in the survey, its benefits are greatest when the strata are quite different from one another, and so are
internally relatively homogeneous. In contrast, it is advantageous that clusters be internally heterogeneous, and
consequently that different clusterswithin a stratum be somewhat similar to each other. If thisisnot true, then the
fact that clusters are selected rather than individual elements will substantially increase variance.

® These first-stage clusters are often referred to as primary sampling units (PSUSs).
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mind that there are two random processes involved in economic survey data. First, a data-generating
process produces population elements such as individuas, firms, or countries in a manner that may or
may not be independent and identically distributed (11D). These population elements congtitute the finite
population. Second, a sampling process produces the sample from the finite population. The manner in
which finite population e ements are selected for the sample may or may not be SRS. A key difference
between the two disciplines is that econometricians focus on the vagaries of the data-generating process,
while survey statisticians focus on the sampling process.

Consider the multiple regresson mode!:

Y=Xb+e @
where X has full column rank k, E(e|X)=0, and E(&4 X) =621 . Wewill think of (2) as a data-

generating process that could potentially produce an infinite number of observations. The finite
population is viewed as a sample of size N produced by this process, and the survey sampleisin turn
drawn from the finite population. If SRSis used to select a survey sample, then the properties of the data-
generating process also apply to the sampled data. But under more complex designs the joint distribution
of sample vaues becomes more complicated. We will use lower-case |etters to denote sample values,
upper-case letters to refer to random variables more generally, and the subscript N to denote finite
population va ues.

The classical statistics problem is to make inferences about b. In contrast, the sampling literature
frequently defines the parameter of interest as the finite-population quantity:

B=(XnXn) H(XnYN)- (©)

That is, the quantity of interest is the vector that would be obtained by applying least squares to the entire
finite population. Note that (3) exists whether or not the finite population is generated by the mechanism
in (2), though its interpretation and interest may depend on the accuracy of the model.

If B isthe parameter of interest, then an estimator’ s properties are evaluated by taking

expectations over al possible samples that could be drawn from the finite population, with relevant



probabilities determined by the sample design. We will refer to this as taking expectations with respect to
the design (Epesign{ - }). Economists would more typically evaluate the properties of an estimator of b
(rather than B) by taking expectations over all possible outcomes of a particular data-generating process,
under the assumption that each sample element is arandom draw from that process. We will refer to this
as taking expectations with respect to the modd (Emvoge{ - })-

Note that taking expectations with respect to the design yields a function of finite population
quantities that can be thought of as outcomes of the data-generating mechanism. These two approaches
can be combined by taking expectations first with respect to the design (but assuming that the finite
population was generated by a process described by the model), and then with respect to the mode—that
IS Emodel (Epesign( - [Mmodel assumptions)). Doing so alows consideration of how the sample design affects

estimator behavior under a particular set of assumptions about the data generating mechanism.

3.2  OLSwith Unequal Selection Probabilities
Under SRS, the classical estimator of both b in (2) and B in (3) isthe ordinary least squares

(OLYS) estimator

60Ls =(x'x)"1x"y, @
where lower-case letters denote sample values. For samples with varying probabilities of selection,
survey statisticians would typically recommend use of the weighted least squares (WLS) estimator:

b, = (Xwx) X wy ©)
where w is a diagona matrix of survey weights. What should guide an economist’ s choice between the
two estimators? Note that the econometric argument for WL S is usually based on heteroscedagticity
which is assumed away in (2), so any preference for WLS must be driven by other factors. Here, instead,
the argument for WL S is that varying probabilities of selection may lead the relationship between the

dependent variable and regressors in the sampling distribution to differ from the relationship in the finite

13



population. If the sample and population relationships differ, the consistency of OLS will depend on how

the sample was selected. Because it uses sample weights that are inversely proportional to a sample

element’ s probability of selection, BWGT converges to the finite population relationship B even in cases

where BOLS does not. The rest of this subsection is devoted to making this point more precisaly.

Taking expectations with respect to the design under (2), gives
Epesigrt bos - b} = Epesignl (X&) ' x@)} Y4 Ys6® (XNP N Xn) P XyPnen. (6
where p \, denotes a diagona matrix with probabilities of selection aong the diagond, and ey isthe

finite-population matrix of error terms.  Taking the expectation of (6) with respect to the model,

Enmodell (XnP N X N )™ X P nen} Will converge to zero provided that hlji(r@n¥(x;\,p N Xn) T exists and

N
Evode (N 1A Xipi€) ¥4 %4%® 0. This|atter condition will hold if the deta-generating process is such
i=1

that the product of the sampling probability and the error term is on average zero for every value of X:
Emode (P | X) = 0. With constant probabilities of selection, this reduces to the more familiar condition

Envode (€]X)=0. However, this condition is not sufficient to ensure that the OL S estimator is consistent
when probabilities of selection vary.

If probabilities of selection (p) are correlated with e, then the mean of the error term’s sampling
distribution will not equa zero for al X. As should be familiar from the econometric literature, this leads
to inconsistent dope coefficient estimates if the mean of e (in the sampling distribution) is correlated with
X. Thus, consistency of OLS applied to a complex sample not only requires that (2) be correctly
specified, but also that the product pe be uncorrelated with X.

When is this second condition likely to hold? For many sample designs, probabilities of selection

can be expressed as alinear function of design variablesD: p;=dt.* For example, D includes stratum

10 5 will be alinear function of design variables if sampling probabilities are constant within a stratum, or are
proportional to some measure of size. Note, however, that probabilities of response may be non-linear functions of
these variables or functions of variables not included in D. Other factors, such asimperfectionsin the information

14



identifiersif probabilities of selection vary across strata, and includes measures of size if probability-
proportional-to-size sampling is used. In some cases, D also includes Y. For example, a survey might
oversample low-income families, in which case the dependent variable from an earnings regression would
also be adesign variable.

If X includes dl columns of D, then p is constant conditiona on X, and there is arguably no

reason to prefer ngt to BOLS . If, inaddition, (2) is known to be correctly specified, then BOLS isthe

minimum-variance linear unbiased estimator and so would be preferred to ngt . However, only rarely

would al eements of D beincluded in X. For example, in many household surveys probabilities of
selection vary across geographic areas. Geographic identifiers may not be included in X either because
doing so would be inappropriate for the analysis, or because the relevant geographic detail is not

identified in public usefiles. In casesin which D includes the model’ s dependent variable, clearly it is

not possible to simply include D as aregressor.™* Thus, the conditions under whichb,, s is strictly

preferred to b, . are not often met when us ng survey data.

wgt

3.3 Advantages of Weighting

If X does not include dl of D, and so p; varies across members of the population with the same

set of X's, then pe could be correlated with X. Consistency of BOLS then rests on theassumption that pe

is uncorrelated with X.** If there were great certainty about the adequacy of the model—that is, that
conditiona on X al variationin' Y were purdy the result of white noise shocks—then there would be

little reason to suppose that the selection probabilities and the error term were correlated.  But more

used to design the sample, may also mean that simply including design variables as regressors will not guarantee
consistency of OLS.

™ Inthis case the sample design produces a form of selection bias. Hausman and Wise (1981) and Wooldridge
(1998, 1999) consider this case.

12 A moreintuitive, but more restrictive condition, isthat E ;g (€ | X,p) =0, or, yet more restrictive,

EMOdeI(e|X,D):O
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realisticaly there is always some uncertainty about the specification, in which case ngt may be
preferred because it has a smaller bias than BOLS when the model is misspecified.

The argument that ngt has advantages over BOLS is best illustrated using a particular type of
misspecification. Suppose that (2) omits relevant variables Z, so the correctly specified modd is.
Y = Xb, + Zg+ n. (6)
Neither OLS nor WLS will be consistent for b, when applied to (2), except under restrictive conditions.

Obvioudy the ided solution would be to include z in the regression, but we will assumethat zis

unavailable, asis often the case in economic survey data.

Since we cannot estimate b, , suppose that instead we take as our parameter of
interestb” = b, +T'g, where T™ = ’\Ilién¥{ (XN¢X N) X N¢ZN} . That is, we cannot avoid attributing
some of the effects of Z to X, but we want our estimates to reflect how those variables relate to each other
under the mechanism that generated the finite population.”® Kott (1991) shows that Eyioge{ Epesign{ BOLS 1}
convergesto b only if p is uncorrelated with the components of Z that are orthogona to X. In

contrast, Emode{ Epesignt ngt} } convergesto b’ regardless of the structure of the p 's. In this sense,

A

b, . ismore robust than BOLS . Thus the prime argument for using b, isthat it cons stently estimates a

wgt wgt

well-defined quantity (B or b™) even when the model is misspecified, whereas BOLS estimates a well-

defined quantity only under more restrictive conditions. The primary cost of using b, isthat it has

wagt
greater variance than BOLS . Ingenerd, V(ngt) increases as the variance of weightsincreases and asthe

sample size decreases (Pfefferman 1996).™

13 This sort of compromiseis prevalent in the econometrics literature on returns to education (e.g., Freeman, 1986),

to take just one example.

14 A secondary cost is that some standard inference procedures are unavailable when using the weighted estimator—
for example likelihood ratio tests and use of residualsto check the fit of amodel (Pfeffermann 1996)
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The effects of weighting when controlling for design variables areillustrated in Table 3, which
revisits the human capital earnings function of Table 1. The first two columns of Table 3 reproduce
coefficients of Table 1, and they again show that weighting affects some variables but not others. In
particular, the negative coefficients on the black and Hispanic dummy variables are significantly larger in
absolute value when the weighted estimates are used, wheresas the coefficients on age, years of schooling,
and the female dummy are largely unaffected by the weighting. The CPS sample design is the cause of
this pattern. In particular, because it is used to estimate state unemployment rates, the CPS design selects
households in small states with higher probabilities than households in large states. Many of these less
populous states are primarily non-urban, while also having populations that are disproportionately non-
black and non-Hispanic and which have lower-than-average earnings for given characteristics (i.e.€ <0
for many of these states). Thus, the unweighted CPS tends to overrepresent low-earning whites, but not
low-earning blacks or Hispanics. As aresult, the unweighted black-white and Hispanic-non-Hispanic
comparisons of column (1) are inaccurately close to zero. In contrast, the overrepresentation of small
states in the CPS has only modest effects on the coefficients on age, schooling, and sex. The reason is
that there is much less cross-state variation in the population along these dimensions (athough there is
some).

Columns (3) and (4) of Table 3 reproduce the analyses of the first two columns, with the
exception that state dummy variables are included as regressors. Recall again that most of the cross-
household variation in the probability of selection in the CPS is across state. Thus, the state dummies are
the primary design variablesin D.*® The columns show that the effect of weighting is much smaller when
these design variables are included on the right-hand side. Thisis not to suggest that design variables
should aways be included as right-hand side variables, as in many contexts (perhaps including this one)

the relationships of interest do not warrant their inclusion. Rather, the point is merely that the effects of

15 State dummies explain 87% of the variation in the sampling weights in the CPS, where the “ sampling weight” is
the weight without any nonresponse or poststratification adjustment. State dummies explain 61% of the variation in
the survey weight for the entire sample of persons, and 63% of the variation in the survey weight for our regression
sample.
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weighting depend on whether or not the design variables are included as regressors.

The argument that b, is more robust than 6OLS assumes that the variation in survey weights

wot
accurately reflects differences in probabilities of sample inclusion. In practice, the weights provided may
do so imperfectly. For example, nonresponse adjustment is necessarily based on a model, and that model
may itself be misspecified. If so, adjusting weights for nonresponse is likely to increase estimator
variances, and there could be some analyses in which using weights would increase bias rather than
reduceit. The need to adjust weights for missing data also arises when anaysts impose selection criteria
of their own—for example dropping observations with missing responses to relevant questions. The
correct sample weights would account for this stage of selection as well, and for some analyses the correct
weghts might not be highly correlated with the weights constructed for the survey sample as awhole.*®
Note that these may be strong arguments for tailoring selection adjustments to a particular analysis, but

not for choosing to ignore the problem.*’

3.4 Using Weights to Check for Misspecification

Even in cases where an economist is doubtful that b, has properties superior to those of BOLS ,

wat
the weights themsalves may be useful in checking for possible misspecification. Welghted estimates
differ substantially from unweighted estimates when there are large between-group differences in both
probabilities of selection and in the relationships represented by the regression coefficients. With a
correctly specified model (i.e. one that allows for between-group differences in regression coefficients
where relationships differ across groups), there should be little difference between the weighted and
unweighted coefficient estimates. When a model fails this check, differences between the two sets of
estimates are likely due to misspecification that is related to the variables that determine probabilities of

selection. Redtricting on€e' s attention to unweighted estimators thus ignores a simple and potentialy

18 This can be particularly problematic in longitudinal surveys (MaCurdy, Mroz and Gritz, 1998).
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important check on a moddl’ s robustness.

DuMouchel and Duncan (1983) propose one method of testing for misspecification using survey
weights. They suggest adding to the list of regressors the weights (w) aong with interactions between w
and each variable in x, and then testing for the joint significance of the coefficients on w and its
interactions. Rejecting the null that those coefficients are jointly zero is evidence that the model may be
misspecified. A statigtically significant interaction between w and a component of x may indicate that the
effects of that component are misspecified. So, using DuMouchel and Duncan’s example, if a survey
uses higher sampling probabilities for blacks than whites, and the coefficient on an interaction between w
and schooling attainment is significant, then this may indicate that the schooling coefficient differs by

race.'®

4. Effectsof Sample Design on Conventional Variance Estimators

Ignoring varying probabilities of selection may lead to biased coefficient estimates. Stratification
and clustering, in contrast, do not affect the means of point estimators but can have important effects on
their variances. In this section, we consider how these techniques affect the consistency of variance
estimators that assume SRS. In section 5 we present aternative methods of variance estimation that take

the sample design into account.

4.1 Sratification
We noted in section 2 that stratification €liminates the contribution of between-stratum

differences to the variability of estimators of means or totals. The corresponding result for regression is

that stratification may reduce V ( 6) by eliminating the contribution of between-stratum differences in the

17 One alternative might be use of Hellerstein and Imbens’s (1999) method of constructing weights for a particular
regression analysis using moment restrictions estimated from auxiliary data—essentially aregression-based form of
post-stratification.

18 |n asimilar vein, Wooldridge (1998,1999) derives a Hausman test based on the difference between weighted and
unweighted estimators which tests for the exogeneity of the sampling probabilities. See also Fuller (1984) and
Pfefferman (1993, 1996) for further discussion.
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mean of the error term. As aresult, ignoring stratification leads, on average, to overestimates of V ( 6) .

Recall, however, that the limited information available ex ante for most surveys means that gains from

stratification tend to be small even in estimating Y . With regression, variation in X across strata usually
accounts for some of the variation in Y, so differences across stratain meanewill generaly be even
smaller than differencesin mean Y. Thus, stratification leads to efficiency gains that are typicaly quite
small in the regression context, and for this reason, ignoring strtification in the estimation of variancesis
not likely to cause substantial biases. Nevertheless, accounting for stratification will on average lead to
lower variance estimates and so is advisable when estimation techniques that account for stratification and

stratum identifiers are readily available,

4.2  Clustering

Clustering can lead to a violation of the assumption that error terms are independently distributed.
Two dements selected within the same cluster will be more dike dong many dimensions than would two
elements selected independently from the population at large. Asis familiar to economists from other
contexts (e.g., autocorrelated errors, panel data models) positively correlated error termsresult in a
downward biasin conventional estimators of standard errors. Thus, ignoring clustering can lead to
serioudy mideading inference procedures. The magnitude of this downward bias depends on severa
factors: the correlation between error terms within clusters, the number of elements selected within a
cluster, and how much the explanatory variables vary within clusters.

The effects of clustering can be characterized in terms of the ratio of @) the true variance of an
estimator (taking the clustering into account) to b) the expectation of the variance estimator actually used.
This quantity is known as a misspecification effect (meff), and it measures the degree to which variances
are understated if clustering isignored.® To characterize the magnitude of meffsin clustered data,

suppose that a design involves choosing a SRS of a clusters, and then within each cluster choosing a SRS
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of b, elements. The formulae for meffs are most readily interpreted in the specia case where the
correlation among observations in a cluster can be modeled as due to a cluster effect in the error term.

That is, theerror termin Y = Xb + @ may be modeled as the sum of two

components.€, = U, +n,., where cov(u,,n,.) = 0. Treating the cluster effects (u) as random implies

ic?

that:
2
V(eic):sg+s,§, and re=Corr(eiC,ei©)=S%5+S£). )

These formulae bear an obvious resemblance to random effects models used for panel data, a similarity
we return to in Section 5. %°

Scott and Holt (1982) show that in the case of random cluster effects, the ratio of
V(b)tos?(XX)* (which is amatrix of meffs) is given by

M=I1+(L-Dr,, ()]

68 0 U o1 o 61 \
where L = g4 bcxc‘txcu(x«) LOX, = glbclbc‘udxc, X, isthe matrix of explanatory variables
€c=1 u S u

for cluster ¢, and 1, isarow vector of I'sof length . Here X isab.by k matrix of cluster means, and

L isthusafunction of across-cluster variation in X relative to total variation in X. Inthe specia case of a
regression with one regressor and with the same number of elements sampled from each cluster (b, = b),

the meff for the dope coefficient variance further smplifiesto:
meff (b) =1+ (b- ', r 9)

where i*_ - isthe sample intra-cluster correlation of X.*!

9Meffs are ageneral tool used to characterize biasesin estimating variances for complex sample designs—they are
not specific to designs with clustering.

20 1ndeed, models of this form have been considered in both the sampling literature (Kott 1991) and the
econometrics literature (Moulton 1986, 1990).

2L Thatis, ©, =(bl - 1)/(b- 1 b4 (K- X)? 9?( %) e1i i
That is, F =(l -D/(b-1),and ]| _bcazl Xg- X ciliglxd - X J© £ 1listheratio of the between-
cluster sum of squaresto the total sum of squares (aunivariate versionof L ).
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The random effects model in (7) makes quite restrictive assumptions about the error structure,
and so meffs based on it will be accurate only when the assumptions hold. Nevertheless, (8) and (9)
provide a useful indication of where the variance estimator biases from ignoring clustering are likely to be
most severe. For example, conventionally estimated standard errors for the coefficients of geographic
controls (which usually do not vary at al within cluster and so have ', =1) will generally have greater
downward biases than will standard errors for demographic variables such as age. 1n addition,
demographic characteristics with a high degree of geographic segregation (for example, race) generally
have larger meffs than characteristics more evenly distributed across areas (for example, gender).

Equation (9) aso illustrates that ignoring the effects of clustering generally leads to larger

downward biases for the variances of means than for the variances of regression coefficients. With no

explanatory variables, (9) amplifiesto meff(t;o):meff(y) =1+(b- Dr y wherer | istheintra:

cluster correlation coefficient for Y. In the wordt-case scenario for aregression (no within-cluster
varigionin X),L =bl , and conventiona variance estimators are biased by afactor 1+ (b- 1)r .. This

expression differs from the meff for the sample mean only in that the correlation coefficient is for the
error term rather than the dependent variable itself. Meffs for regression estimates tend to be smaller than

meffs for sample means for two reasons: (i) the within-cluster correlation of residuas will generaly be

smaler than the correlation for the dependent variable itself (r ¢ <r ) because regressors usualy

control for some within-cluster correlation; (ii) within-cluster variation in the regressors (1, <1) also
means that additional observations from a given cluster are informative even when the error terms are
highly correlated.

Table 4 illustrates the effects of clustering on the estimation of human capital earnings functions
with data drawn from the CPS and the NLSY 79. Column (1) reports the univariate intracluster correlation

coefficient for each of the explanatory variables in the regression.” The column shows that there is

22 For both surveys, the counties (or groups of counties) selected as primary sampling units are used as clusters.
Both samples have a second stage of clustering, which we ignore here but return to later. For both surveys, the
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substantial variation in the extent to which independent variables are corrdlated within clusters. In
household surveys, there is often little within-cluster correlation in variables such as age and sex, asthese
variables are spread about as evenly across primary sampling units as would be predicted by random
assignment. In contrast, variables measured at aggregate levels such as the local unemployment rate or a
state identifier will often be perfectly correlated within clusters. In between these two extremeslie
variables such as education or race for which there is substantial but incomplete spatial segregation, and
thus middling levels of intracluster correlation.

The intracluster correlation coefficient of the regression residual (1) is reported above the list
of explanatory variables for each survey. In contrast to the intracluster correlation coefficient for the
right-hand side variables, this correlation is constant across dl variables. Though r cissmal for both
surveys, the effects of clustering may not be small because both surveys have afairly large number of
observations per cluster (on average 47 persons in the CPS regression sample, and 45 personsin the
NLSY 79 sample). Columns 2 and 3 report the square roots of two alternative meffs. (The square root is
known as a misspecification factor, or meft, which gives the effects of survey design on standard errors
rather than variances.) The last column indicates that accurately-estimated standard errors sometimes
substantially exceed those calculated assuming 11D errors. For example, the misspecification factor for
the MSA dummy coefficient in the CPS regression is estimated to be 1.24, which suggests that inference
procedures based on conventiona standard errors could be quite misleading.

Note that equation (9), which is based on the random effects model, suggests that the
misspecification effect should be a monotonic function of the intracluster correlation coefficient for
independent variables in the same regression. There are two reasons why this monotonicity is not

observed in thetable. First, column 1 reports the univariate intracluster correlation coefficient for each X,

sample design involved selection of one PSU per non-certainty stratum. Design-based variance estimators require a
minimum of two PSUs per stratum, so non-certainty stratawere paired to approximate such adesign. The estimates
in Table 4 are all unweighted, to facilitate use of the random components model.
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whereas in the multivariate framework the relevant calculations involve the full matrix L .** This
accounts for the difference between the resultsin column 2, and what would be implied by applying
equation (9). Second, the reported misspecification effects are based on techniques (discussed in section
5) that allow for amore general error structure than does the random effects model of (7). That is, while
(9) provides useful intuition, it will be accurate only in specia cases.

Treating clustered samples as if each observation were drawn independently has much the same
effect as treating panel data asiif it were a series of independent cross sections. in most cases the variance
estimator will have adownward bias. With panel data, standard practice among economists is now to
account for the potentia correlation of error termsin estimation. It ought also be standard practice to
account for correlation induced by the sample design. The next section discusses methods for doing so,

and the practical difficulties in implementing these methods.

5. Variance estimatorsfor data from complex samples

With data from a clustered sample, the variance-covariance matrix of the regression error (W)
does not in general equal s®I. Thisimpliesthat in the presence of clustering OL S is not efficient and that
variance estimators based on the assumption of SRS are not consistent. Economists might approach this
problem by assuming a particular form for W (such as the random effects model of (7)) and then using
that assumption as the basis for both a more efficient estimator of b and a consistent estimator of the
associated variance-covariance matrix. If theimplied restrictionson W are valid, then this approach is
both unbiased and efficient. Survey statisticians, in contrast to economists, are generaly unwilling to

impose additional structure on W. Instead, they typically choose to forego potentid efficiency gainsin

2 variation in cluster size plays arole aswell, because cluster sizeisin some cases correlated with the explanatory
variables and as aresult it affects some variances more than others.
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exchange for the greater robustness of ngt , and so the sampling literature concentrates instead on
developing estimators of V( ngt) that account for survey sampling methods.**

This section of the paper describes the estimators of V( k;wgt) devised by survey statisticians, and
then compares them with more traditional econometric variance estimators.  From a repeated sampling
perspective, ngt isanon-linear estimator as both X and Y vary across samples. The survey statistics

literature has devel oped two genera approaches to estimating the variance of a nonlinear estimator:
“linearization" estimators, based on the variance of alinear approximation to the nonlinear estimator; and
replication estimators, based on variation in estimates across repeated subsamples of the survey data.
While methods of computation are quite different for the two types, in practice they have been found to
have similar properties, so the key issue in choosing between them is generally convenience rather than
thelr statistical properties. In what follows, we describe these approaches and consider how they relate to

methods based on arandom effects model.

5.1 Linearization Estimators
Linearization estimators use the first term of a Taylor expansion to approximate a nonlinear

estimator with alinear function of estimated (finite population) totals. For example, the weighted sample
mean (Yugt =& WY /& W =Yy /N ), can be expanded around the true finite population values to obtain

an approximation in terms of the totals Yy and N:
— YN 1 - YN ~
Ywgt »W"'W(YN -Yn)- F(N - N).

This approach bresks the problem into two steps: first estimate the coefficients in the linear
approximation, and then estimate the variance of the totals. Techniques developed to estimate the

variance of atota with data from complex samples thus aso form the basis for linearization estimators

24 \We present methods for the weighted least squares estimator. Results for the OL S estimator are simply derived
by treating the weights as all equal to 1, but are subject to the point estimation bias issues raised in section 3.
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for variances of regression coefficients. Asaresult, a brief introduction to those techniques provides a

useful starting point.

5.1.1 Variance Estimators for Finite Population Totals

N
Consider estimation of the finite population total Yy, =& Y, using data from a stratified clustered
i=1

sample with unequal probabilities of salection—i.e. a sample that combines the design elements described

in section 2. Let H denote the number of strata, and note that the population totd is smply the sum of the

-~  H. -
stratum totals, so Yy, =8 Y, where Y, denotes the estimated total for stratum h. Stratification involves
h=1

N H .
choosing an independent sample from each stratum, so V(Yy ) = & V(Y;,). Thus, stratification is handled
h=1

by estimating variances separately within each stratum and then summing. To simplify discussion of
estimators of V(\?N ) we present estimators that would apply to data from a single stratum.

To make the intuition clearer, think of decomposing an element’s weight, W, a Wg =W~ Wi,
where w; gives the inverse of the probability that cluster ¢ is selected, and wi. gives the inverse of the
probability that element i is selected given that cluster ¢ isin the sample. Let B denote the total number

of eementsin cluster ¢, while b, continues to denote the number selected. Similarly, A isthetota

number of clusters, and a the number selected. The estimator for the total would then be

A a a ) a . A
Y =8 WeYe =a W (& W Ye) =a WY, where Y, isan estimate of the total for sample cluster ¢
c=1 c=1 i=1 c=1

BC
(Y. =8 Y )- Suppose that the design involves a SRS of a clugters, and that all elements within sample
i=1

clugters are included in the sample (wic = 1, . =B. ). Inthiscase, Y isknown with certainty for each

cluster in the sample. The variance of the total is then estimated as.

26



A A a - . a
V(Yy) = —2— & (WY, - W.Y,)2, where wY, = E awy, .” (10)
a-lca Ac=1

If there is subsampling within clusters (wi,c > 1) the variance of the total is commonly estimated using:

2

A A~ a c;a ~ —_—
V(Yy)=——3a .Y, - wY @ *° (12)

a- 1. [}

The similarity of (10) and (11) suggests that use of the latter ignores the effects of subsampling (and,

consequently, of any additional stages of clustering). However, in expectation (11) exceeds (10) by a
term that roughly equals the contribution of the within-cluster sampling design to V( Yy, ).% Sampling
variaion in \?C means that substitution of \?C for Y, increases the average size of the term in parentheses;
the size of that increase depends on the variance of \?C as an estimator of Y;; and the variance of

\?C depends on the within-cluster sampling design.

5.1.2 Linearization Variance Estimators for Regression Coefficients

Returning to regression, we want to approximate ngt with alinear function of estimated (finite
population) totals to develop alinearization variance estimator for ngt . Tothisend, consider the

parameter vector B defined implicitly (asin equation (3)) by

N
Xy'(Vy - XyB) =& X, % =0. (12)
i=1

: o . A
%% Thisformulamay seemmore intuitiveif the reader notes that when clusters are selected with SRS W, =— and
a

2

~ J— A A Pp— a —
Yy =AY, . Then (10) simplifiesto V(Yy ) = AZV(YC)zAzlsf , Where s? =ilé(vc - YC) :
a c c a_ C:l

%8 Thisis an approximately unbiased estimator when first-stage sampling units (clusters) are chosen with
replacement using probability-proportional-to-size sampling. It is more common to sample without replacement
(because it makes estimators more efficient), but estimating variancesis much simpler if samples are treated as if
they were chosen with replacement. Thisleadsto an upward biasin estimating the variance, but the relative bias
will generally be small if thefirst stage sampling fractionissmall. See Rao, Wu, and Y ue (1992).

27 See, for example, Wolter (1985, p. 46) and Shao (1996).
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That is, B is defined by the least squares normal equations applied to the entire finite population.?®

Denote the left hand side of (12) as Uy and note that it is a vector of finite population totas

N
(Uy =a X ¢ei ). Soif e were observable (and hence B were known) we could estimate Uy using the
i=1

a b

sampletotal U N =a é’\c Wi X ¢eci =xtve . U N Isassumed to be asymptotically normal with mean zero
c=1i=1

and variance-covariance matrix Sy .

In addition, note that the estimator ngt is the solution of the analogous estimating equation

a bc ~ ~ ~
aaWw xci("’(yCi - bygtXq) = xtve=0, where e issmply the vector of residuas. Let Uy (bwgt)= x@ve.
c=li=1

A

Using the first term of a Taylor expansion of §] N (b Wgt) around t;wgt =B asan approximation:

Wn® g, - B) 13

0=Upy(byg) »Uy (B) +

U\ (B)

which gives UN (B) » - (15ngt - B). Taking variances of both sides, in the limit we have

U B)Y, - WUy (B)u

VUy)=Sy » e—tl{/(ngt)é—U' Inverting (provided that
é 1B 0 e 1B 1

MB(B) is of full rank) gives:

-1 -1
~ U (B)u &fU . (B)u
é 1B © é 1B u

TUn(B)

Theterm =Xy Xy Can be estimated using xvx. Notethat S, is the variance-covariance

~ a bc
matrix for the k estimated totals of form U ® = § § w;x{e, for covariate k, which is estimated
c=li=1

applying (11) and using the regression residuds as estimates of e. That is.

20ur exposition is based on Binder’ s (1983) approach for implicitly defined estimators. His formulation applies to
estimators with a closed form solution (such as regression coefficients) asaspecial case, but it also appliesto other
model s that economists commonly estimate using maximum likelihood techniques such aslogit, probit and Cox
proportional hazard models.
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A~ a o A~ ~ N vy a Oa N ¢ ~ BC ¢
Sy =——3 (G, - 0)(Q, - G)¢=——3 G0, where (. =§ WgX5&5.-> (15
a-1.— a-1lcqy i=1

Putting these pieces together, the linearization variance estimator can aso be expressed as

V(Bugt) = (X&)~ x@L xw(x@wx) 1 where L isthe block diagonal matrix:

< 4 2 N

&, 0 . 0y €1 Caf2 - Eulen

e u = 2 p:

L = éo L, 0 U L. =ze Q;¢: e&1€:2 €2 - €2fp U
é. . A u

é a € u

g0 O Lag Euh,  Cc2€n €h H

and e, isthe residual for the | element from the ¢ cluster. If w=l, thissmplifiesto

V(bos) = (X&) Ix x(x)" 2.

5.2 Estimators based on a random-effects model

From an economist’s perspective the difficulty introduced by clustered sampling for the
regression modd (2) isthat E(ee) = W s ?I. If clusters are sampled independently, the covariance

between observations from different clusters is zero, and the variance-covariance matrix of e can be

restricted to have the form:

N 2 N

&y 0 0y gscl Sac - Sclcbcg

é U € 2 p

V\/:éo Wa 0y W _Sac Sc2 - ScamU

8. T u

& G e ,

a0 0 . Wy BSach Scach - Scn H

In this case, the asymptotic variance-covariance matrix of Dy, < is V (bos) = (x&)" 2 x®k(x&) L. Given
that the number of parametersin Wgrows faster than the sample size, it is not possible to get a consistent

estimator of W without assuming some parametric structure. An economist might assume some model for

293 = 0 due to the normal equations that define l:;wgt: (xGvx) ngt - xGvy = - x@ve= 0. However, witha

a _
stratified sample, the variance would involveasum of H terms & (Upc - Up )(Upe - Up)¢, and the U, terms must
c=1
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the error term that imposes restrictions on the e ements of W, thereby reducing the dimensions of the
problem enough to estimate W based on that model.  The random-effects model of section 3 isone

example of such a strategy.

An dternative is to exploit the fact that estimation of V(BOLS) does not require a consistent
estimator for W, but rather only for the k-by-k matrix x&8\k . Thisis the approach taken by White (1980)
in developing a heteroscedasticity-consistent estimator for V(BOLS) . Thelinearization variance

estimator uses x& x to estimate X®\k , and may be viewed as an extension of the White estimator to the

case with stratified, clustered samples.®® Thisis arobust estimator in the sense that consistency does not
require any particular pattern in the correlation of residuals within a cluster, nor doesit require the W, to
have the same form for different clusters. Thisisin contrast to the random-effects model that assumes that
error terms are equally correlated within clusters, and that the W, are identical in form across clusters.*

An added advantage of the linearization variance estimator is that it does not require modification
for use with samples with more than one stage of clustering, whereas the standard random-effects model
does. To seethis, consider the two stages of selection used for CPS samples. First-stage unitsare either a
county or group of counties; second-stage units are groups of approximately four contiguous housing
units. One would not expect the error terms of neighbors to be correlated in the same way as the error
terms of two observations from different parts of the same county, but treating PSUs as clusters in the
standard random effects model implicitly imposes this assumption. Thus, adapting random-effects
moddls for use with multi-stage clustered data would require going beyond the smple mode that
statistical packages readily estimate. The linearization estimator does not assume any particular pattern of

correlations between observations within a first-stage cluster, and so can be used without modification.

be retained because they will not in general equal 0.
30 This estimator is also known as the Huber-White, sandwich, or robust estimator in other strands of the statistical
literature. See, for example Carroll and Ruppert (1988) and Diggle, Liang, and Zeger (1994).



5.3 Replication methods

While the linearization approach has awide variety of applications, it does require one to derive
and program a separate set of partial derivatives for each nonlinear estimator. Replication (or resampling)
methods provide an dternative—they require greater computational resources, but less estimator-specific
derivation. Comparisons of the performance of the linearization estimator and the two replication
methods discussed here (the jackknife and balanced repeated replication) have generaly found them to
have similar properties.®

The general idea of replication methods is to draw repeated subsets of the sample, caculate the
estimator for each subset, and then estimate the variance based on how much the estimates vary over the
repeated subsamples. The drawing of subsamples differs across replication methods, but for each method
subsamples are chosen to preserve the design of the overall sample. For clustered designs, that means
that a subsample either includes al sample members from a cluster or it excludes al of them.

The most common techniques are known as the ‘jackknife’ and ‘balanced repeated replication’ or
BRR. BRR isamore speciaized procedure than the jackknife in that it is designed for samplesin which
two clusters are drawn from each stratum.®® Thisis avery common design for clustered samples, and the
most common alternative—one cluster per stratum—is aso usually treated asiif it were atwo cluster per
stratum design.>* However, the jackknife is applicable to awider variety of sample designs. In the two-
cluster-per-stratum case, properties of the two methods (and their many variants) have been found to be
similar to each other and to the linearization estimator, so the choice between them should depend more

on how difficult they are to implement than on statistical considerations.®

31 Consistency of the linearization estimator does require that increases in sample size take the form of more clusters
rather than of increases in the number of elements selected per cluster.

32 Rust (1985) provides asurvey of both empirical and theoretical comparisons.

33 BRR has been extended to cases with more than two PSUs per stratum. Grouped BRR involves simply

combining PSUs within stratum into two groups, and then carrying out BRR as if each group were asingle PSU.
There are other more complicated ways of adapting BRR, but these are little used in practice.

34 Thisis done by pairing strata and treating the combined strataasif they were one.

35 See Rao, Wu, and Y ue (1992) for a brief discussion. Rao and Wu (1985) compare the properties of these
estimators.
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For jackknife variance estimators, subsamples are formed by dropping the data from a single

cluster in turn, and using the remaining data to form an estimate. The variance of an

estimator (iwould then be estimated using:

S oo
V@a)=a a@mg -9 ),
h=18 - lc=1
whereq ) is the estimate based on the subsample that excludes cluster ¢ in stratum h, andq’ isapoint

estimator of q that uses datafrom al clusters. In the most common version of the jackknife, (i = (i —
the estimator based on the entire sample—~but there are other variants.

With BRR, replicate haf-samples are selected by dropping the datafrom H clusters, one in each
stratum, and calculating d (ry based on the remaining half-sample of H clusters. One could construct up to

2" different half-samples with a two-PSU -per-stiratum design and H strata, but BRR involves choosing
‘balanced’ half-samples to reduce the number of replicates needed to approximately H.*® Thevariance can

be estimated using:

A

V@) =za @, -a)",

pull
Qox

r=1

where R is the number of replicates, though there are severd variants on this. Asfor the jackknife, most

commonly ci =ci based on the full sample, but there are other variants.

Table 5 applies these dternative variance estimators to the human capital earnings functions of
our earlier examples. Column (1) reports weighted least squares coefficient estimates and column (2)
reports estimates of the associated standard errors base on the assumption of 11D errors. The remaining
three columns report standard errors produced by the linearization method (column 3) and two replication

methods (columns 4 and 5). The resultsillustrate that the design-based methods used in the last three

38 The balanced half-samples are defined using an R-by-R Hadamard matrix—a k by k matrix whose elements are
each either +1 or —1and which satisfies H 1 =kl , withk=1, 2, or amultiple of 4. Replicater isformed by

choosing thefirst PSU in stratum h when H[h,r]=+1, and the second PSU in that stratum when H[h,r]=-1. d(r) is
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columnsyield very similar standard error estimates in these data. The design-based estimates are fairly
closeto the I1D estimates of column (2) for most variables, but the 11D estimates are much smaller for the
MSA dummy. As before, the MSA dummy is particularly sensitive to clustering because it typically does
not vary at al within clusters. Table 5 suggests that it isimportant to account for the survey designin
estimating standard errors, but that the choice between alternative methods is of second order importance.

Thisview is supported by the related statistical literature.

5.4 Practical considerations

Public-use files amost universaly include survey weights, so the information required to account
for varying probabilities of sdlection isreadily available. Accounting for stratification and clustering
requires access to variables that group observations into strata and clusters—information which may or
may not be available to the public user. Because this information potentialy identifies small geographic
aress, it is sometimes suppressed in creating public-use files for household surveys out of concern that, in
combination with demographic information, it might compromise respondent confidentidity. Asa
compromise, many surveys now provide enough information on public-use filesto at least approximate
design effects.®” In addition, several federal statistical agencies have ingtituted programs that allow
economists to have restricted access to non-public-use databases that include stratum and cluster
identifiers.

Until recently, econometric software packages did not include procedures meant to handle survey

data, but this has aso begun to change. Procedures for regression and relatively ssmple non-linear

formed by doubling al of the weights, and then applying estimator ci to the half-sample. R isthe smallest multiple
of four such that the number of strataislessthanorequal toR (H £ RE H +3).

37 For example, the PSID, the National Health Interview Survey, and the Health and Retirement Survey each provide
users with variables that can be used to group observations into something approximating strata and PSUs for the
purpose of computing standard errors. The restricted-release Geocode version of the NLSY 79 also provides such
codes. The CPS does not provide such codes on public-use files.
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estimators (e.g. logit and proportiona hazard models) are now included in severa widely used

packages.®

6. Conclusions

Survey data are a staple of econometric analysis, but economists are often only vaguely familiar
with how survey samples are designed. Thisis unfortunate, as in some cases the failure to account for a
survey’s design and implementation can result in inference procedures that are quite inaccurate. To
summearize, failure to account for unequal probabilities of selection can lead standard point estimators to
be biased, and failure to account for clustering can lead to severely understated variance estimates. Put
together, the failure to account for survey design can lead to inaccurate inferences being drawn from
survey data.

Thereis an increased sengitivity to the effects of survey design on inference within the
econometrics community, asis evident from the large number of recent empirical papers that report
accounting for survey design effects, and from the small but growing econometric literature on the effects
of survey design (e.g., Wooldridge, 1998 and 1999; Imbens and Lancaster, 1996; Hellerstein and Imbens,
1999). We hope that this paper serves as a useful introduction to the issues involved, and as a practical

introduction to the choices that applied economists need to make when they use survey data.

38 www.fas harvard.edu/~stats/survey-soft/survey-soft.html maintainsalist of software packages that include
design-based estimators.
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Table 1. OLS and Design-Based Estimates of Log Wage Regression

@ @
OLS/IID Design-based
Independent Variable Estimates Estimates
Black -.063 -.102
(.014) (.017)
Hispanic -.048 -.080
(.012) (.015)
Femde -.313 -.303
(.008) (.009)
Age .0092 .0097
(.0004) (.0005)
Y ears of schooling 0972 .0984
(.0015) (.0018)
Intercept .866 845
(.028) (.035)

Notes: The dependent variable is the log of average hourly earnings. Data are from the
March 1997 CPS. Standard errors are in parentheses.



Table 2: Design Variablesfor Selected Large U.S. Surveys

@ @ ©) 4) Q)
Stretification Probabilities of selection  Nonresponse adjustments Poststratification Clustering
A. Surveys of households
1. Current Population Survey: Measures national and state unemployment rates.

Geographic areas (PSUs)  State, Hispanic statusof ~ State, MSA status and Black/non-black census (1) County or county
gratified by state, number  dwelling unit in earlier size, centra city/not population within state group; (2) groups of about
of unemployed by gender,  rotation group (March central city or rural/ (for non-sdlf- 4 dwelling units. One
number of female-headed  only) nonrural representing PSUs cluster selected per

families, fraction of
housing unitswith >=3
persons, employment and
wages by industry from
BLS

only); national age/sex
[race and age/sex/

Hispanic population;
state population

noncertainty stratum.

2. National Longitudinal Survey of Youth, 1979: Measures youth labor market dynamics by race, income status, sex.

Geographic areas (PSUs)
sratified by region,
SMSA datus, county size,
percent black, median
family income

Race of youth and 1977-
78 family income as
reported in screener;
characteristics of 3 stage
unit of selection (see last
column): percent black,
percent Hispanic, percent
low income

Completion rate in 3°
stage sampling unit for
screening interview;
whether complete income
information givenin
screener; race/ethnicity,
sex, and birth year within
PSU

3. Health and Retirement Survey: Measures dynamics of retirement and aging.

Geographic areas (PSUs)
stratified by MSA status,
population of area,
geographic location

Racial/ethnic
composition of area,
marital status, number of
age-digible personsin
household, age, Florida

PSU, racial/ethnic
composition of
neighborhood (within
PSU)

Population by
race/ethnicity, sex, and
birth year based on
Census Bureau
estimates.

Number of households
by region by race by
marital status;
population by region by
race/ethnicity by sex by
age group

(2) County or county
group; (2) block group or
enumeration district; (3)
small areawith 100+
dwelling units. One
cluster selected per
noncertainty stratum.

(1) MSA, county or
county group; (2) blocks
or block groups. One
cluster selected per
noncertainty stratum.
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Table 2: Design Variablesfor Selected Large U.S. Surveys (Continued)

(1) (2 3 4) (5
Stratification Probahilities of Selection  Nonresponse adjustments Poststratification Clugtering

B. Surveys of establishments
1. Annual Survey of Manufacturers: Measures shipments, etc. by industry, and for industry by state.

Industry Vdue and time-series No adjustment made to No adjustment of weights, No clustering of
variability of product weights—useimputation  but published estimates establishments, but if
class shipments to adjust for nonresponse  include an adjustment equal  product line is unit of

to difference (in census anayss, cluster=

year) between ASM and establishment
Census of Manufactures

estimates
2. Medical Expenditure Panel Survey IC: Measures % of establishments offering health insurance, % of workers covered, by state.
State; firm and State; firm and Whether establishment Employment by (state by No clustering of
establishment size establishment size; was known to offer firm sze by establishment establishments, but if
number of establishments  insurance; industry; size) from Census Bureau’s  hedth plan is unit of
infirm snglevs multiunit; state;  businesslist anayss, cluster=

firm and establishment establishment
dze

3. Employer Cost Index: Provides basisfor index of changes in employee compensation for a fixed bundle of jobs.

Industry Establishment and Industry and Weights not adjusted but No clustering of
occupational employment  establishment size published estimates of establishments, but if

compensation levels occupation is unit of
poststratified to anayss, cluster=
employment counts by establishment
industry from Current
Employment Statistics
survey

Notes: The NLSY 79 includes an equal-probability-of -sel ection component of the sample, along with other subsamples that oversample certain
populations. The description of variables determining probabilities of selection for the NLSY 79 pertain to the sample as awhole, or to the specia
subsamples. Descriptions of variables used for nonresponse adjustments do not include al adjustments for attrition in panel surveys.



Table 3: Effects of Weighting When Controlling for Design Variables

Main Design Variables NOT Main Design Variables ARE

Included on Right-Hand Side Included on Right-Hand Side
@ 2 ©) 4)
Unweighted Weighted Unweighted Weighted
-.063 -.102 =111 -.120
1. Black (014) (017) (014) (017)
2. Hispanic -.049 -.080 -.090 -112
(.012) (.015) (.013) (.016)
-313 -.303 -311 -.301
3. Femde
(.008) (.009) (.008) (.009)
4. Age .0092 .0097 .0091 .0096
' (.0005) (.0005) (.0005) (.0005)
. 097 .098 094 .096
5. Years of schooling (0017) (0018) (0016) (0018)
6. State dummies? No No Yes Yes

Notes: Data come from the March 1997 CPS. The first two columns of estimates are repeated
from Table 1, except that standard error estimates account for stratification and clustering in all

columns.
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Table 4: Examples of Misspecification Effects From a L og Wage Regression

@ ©)
@
Misspecification factor ~ Misspecification factor
Independent variables ry based on random based on
components model linearization estimator
CPS, March 1997: r_=.020
Femae -.010 1.00 1.07
Age 018 1.01 1.14
Y ears of schooling .061 1.04 1.10
Black 128 1.18 0.94
Hispanic 247 1.49 104
MSA 981 1.49 124
NLSY79: F_=.046
Femde .001 1.00 0.85
Age 011 1.01 1.01
Y ears of schooling 074 1.05 1.05
Black 548 1.47 113
Hispanic H1 144 156
MSA 420 1.32 1.28

Notes: Column 2 gives the square root of the diagonal elementsof | +(L - 1)r ., asdefinedintext. In

the CPS, sample PSUs have on average 47.3 persons in the regression sample. In the NLSY 79, sample
PSUs have on average 45.5 persons in the regression sample. Column 3 gives the ratio of linearization

standard errors to standard errors based on the estimator (X X ) 's 2. Noncertainty strata were paired up
to approximate a 2-PSU-per-stratum design.
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Table5: Alternative Design-Based Standard Error Estimates

Alternative Estimates of Standard Errors

@ @ (©) 4) ©)
Independent

variables Coefficients 11D Linearization BRR Jackknife
CPS, March 1997
Female -.301 00774 .00863 .00865 .00863
Age .0098 .00042 .00054 .00054 .00054
Y ears of .0933 .00150
schooling .00159 .00160 .00159
Black -.126 .01243 .01648 01654 .01649
Hispanic =122 .01388 .01433 .01423 01433
MSA .256 .01012 .01319 .01328 01317
NLSY79, 1994 Wave
Femde -.288 .01353 .01656 01671 .01665
Age .017 .00290 .00370 .00375 .00371
Years of 088 00262 00393 00395 00394
schooling
Black -.170 02259 02339 02355 02354
Hispanic -.021 .03286 02754 .02805 .02730
MSA 231 .01648 .02936 .03018 .03013

Notes. For the CPS, the 531 strata used in earlier tables are grouped into 100 grouped-strata to
accommodate constraints in the software we used to estimate the BRR and jackknife standard
errors.



